Methods of sample size planning are developed from the accuracy in parameter approach in the multiple regression context in order to obtain a sufficiently narrow confidence interval for the population squared multiple correlation coefficient when regressors are random. Approximate and exact methods are developed that provide necessary sample size so that the expected width of the confidence interval will be sufficiently narrow. Modifications of these methods are then developed so that necessary sample size will lead to sufficiently narrow confidence intervals with no less than some desired degree of assurance. Computer routines have been developed and are included within the MBESS R package so that the methods discussed in the article can be implemented. The methods and computer routines are demonstrated using an empirical example linking innovation in the health services industry with previous innovation, personality factors, and group climate characteristics.
is adequate statistical power to reject the null hypothesis that the population squared multiple correlation coefficient (denoted with an uppercase rho squared, P 2 ) equals zero. Planning sample size from this perspective is well known in the sample size planning literature (e.g., Cohen, 1988; Dunlap, Xin, & Myers, 2004; Gatsonis & Sampson, 1989; Green, 1991; Mendoza & Stafford, 2001 ). However, with the exception of Algina and Olejnik (2000) , sample size planning when interest concerns obtaining accurate estimates of P 2 has largely been ignored. With the emphasis that is now being placed on confidence intervals for effect sizes in the literature, and with the desire to avoid "embarrassingly large" confidence intervals (Cohen, 1994 (Cohen, , p. 1002 , planning sample sizes so that one can achieve narrow confidence intervals continues to increase in importance. Planning sample size when one is interested in P 2 can thus proceed in (at least) two fundamentally different ways: (a) one that plans an appropriate sample size based on some desired degree of statistical power for rejecting the null hypothesis that P 2 D 0 (or some other specified value) and (b) one that plans an appropriate sample size in order for the confidence interval for P 2 to be sufficiently narrow. The purpose of this article is to provide an alternative to the power analytic approach to sample size planning for the squared multiple correlation coefficient in the accuracy in parameter estimation (AIPE) context (Kelley, 2007c; , 2008 Kelley, Maxwell, & Rausch, 2003; Kelley & Rausch, 2006; Maxwell, Kelley, & Rausch, 2008) . The general idea of the AIPE approach to sample size planning is to obtain a confidence interval that is sufficiently narrow at some specified level of coverage and thus avoid wide confidence intervals, which illustrate the uncertainty with which the parameter has been estimated. The theoretical differences between the AIPE and power analytic approaches to sample size planning and the implications for the cumulative knowledge of an area are delineated in Maxwell et al. (2008) . 1 As recommended by Wilkinson and the American Psychological Association (APA) Task Force on Statistical Inference (1999), researchers should "always present effect sizes for primary outcomes" (p. 599). Similarly, the American Educational Research Association recently adopted reporting standards that state, "An index of the quantitative relation between variables" (i.e., an effect size) and "an indication of the uncertainty of that index of effect" (i.e., a confidence interval) should be included when reporting statistical results (2006, p. 10) . Although not true for effect sizes in general, BEMS researchers have tended to report the estimated squared multiple correlation coefficient. However, Wilkinson and the APA Task Force go on to recommended that "interval estimates should KELLEY be given for any effect sizes involving principal outcomes" (1999, p. 599) , something that has not historically been done. This is not a problem unique to BEMS research: it seems confidence intervals for P 2 have not historically been reported in any domain of research. Nevertheless, with increased emphasis on confidence intervals for effect sizes, there is almost certainly going to be an increase in the use of confidence intervals for P 2 . Indeed, confidence intervals for effect sizes may well be the future of quantitative research in the BEMS sciences (Thompson, 2002) .
One problem waiting to manifest itself when researchers routinely begin to report confidence intervals for P 2 is that, even with sufficient statistical power, the widths of the confidence interval for P 2 might be large, illustrating the uncertainty with which information is known about P 2 . This article fills a void in the multiple regression and sample size planning literatures by developing methods so that sample size can be planned when there is an interest in achieving a narrow confidence interval for P 2 . The first method developed yields necessary sample size so that the expected width of the obtained confidence interval for P 2 is sufficiently narrow. For example, a researcher may plan sample size so that the expected width of the confidence interval for P 2 is .10. Because the confidence interval width is itself a random variable based in part on R 2 , the usual (although biased) estimate of P 2 , the observed width is not guaranteed to be sufficiently narrow even though its expected width is sufficiently narrow. A modified approach yields the necessary sample size so that the confidence interval for P 2 will be sufficiently narrow with some desired degree of assurance, where the assurance is a probabilistic statement. For example, a researcher may plan sample size so that the confidence interval for P 2 is no wider than .10 with 99% assurance.
Multiple regression is used with fixed and/or random regressors. Distributional characteristics of regression coefficients are different for fixed and random regressors due to the increased randomness in the model when regressors are random because of the sample-to-sample variability (e.g., Gatsonis & Sampson, 1989; Rencher, 2000; Sampson, 1974) . 2 The sample size procedures developed here are for the case where regressors are random, which is how multiple regression is generally used in the BEMS sciences. Confidence intervals for P 2 have not often been considered in applied work (but see Algina & Olejnik, 2000; Ding, 1996; Lee, 1971; Mendoza & Stafford, 2001; Smithson, 2001; and Steiger & Fouladi, 1992 , for discussions and procedures of confidence interval formation for P 2 ). However, with the strong encouragement from methodologists and important professional associations, as well as the development and recognition of software to implement confidence intervals for P 2 , there is likely to be an increase in reporting confidence intervals for P 2 . The article begins with a discussion of confidence interval formation for P 2 and idiosyncratic estimation issues that become important when the sample size procedures are developed. Development of sample size planning for AIPE in the context of P 2 is then given. Results of a Monte Carlo simulation study are summarized that illustrate the effectiveness of the proposed procedures. The procedures used and methods developed in this article can be easily implemented in the program R (R Development Core Team, 2008) with the MBESS package (Kelley, 2007a (Kelley, , 2007b (Kelley, , 2008 Kelley, Lai, & Wu, 2008) . A demonstration of the methods developed is given using an empirical example, where the methods are implemented with MBESS in the context of innovation in the health services industry linking innovation with previous innovation, personality factors, and group climate characteristics (Bunce & West, 1995) . Because the value of P 2 is of interest in many applications of multiple regression, not literally the dichotomous reject or fail to reject decision of a null hypothesis significance test, it is hoped that researchers will consider the AIPE approach instead of or in addition to the power analytic approach when planning a study where multiple regression will be used to analyze data.
ESTIMATION AND CONFIDENCE INTERVAL FORMATION FOR P 2
The common estimate of P 2 , R 2 , is positively biased and thus tends to overestimate the degree of linear relationship between the K regressor variables and the criterion variable in the population, especially when sample size, N , is very small. The expected value of R 2 given P 2 , N , and K is given as
for multivariate normal data, where H is the hypergeometric function (Johnson, Kotz, & Balakrishnan, 1995, p. 621; Stuart, Ord, & Arnold, 1999, section 28.32 ). For notational ease, E R 2 j P 2 ; N; p will be written as EOER 2 . As discussed by Steiger (2004) , "confidence intervals for the squared multiple correlation are very informative yet are not discussed in standard texts, because a single simple formula for the direct calculation of such an interval cannot be obtained in a manner that is analogous to the way one obtains a confidence interval for the population mean" (p. 167). The difficulties when forming a KELLEY confidence interval for P 2 arise for several reasons. First, there is no closed form solution for confidence intervals for P 2 . The lack of closed form solutions requires iterative algorithms for forming the confidence intervals. Second, there is a nontrivial difference in the distribution of R 2 when regressors are fixed compared with when they are random when P 2 > 0. Fixed regressors are specified a priori as part of the design of the study. These values are "fixed" in the sense that over theoretical replications of the study, the values of the regressors would not change. This is contrasted to the situation of random regressors, where the regressors are a function of the particular sample. These values are "random" in the sense that over theoretical replications of the study, each sample would yield a different set of regressors. This article focuses only on the case of random regressors, as applications of multiple regression in the BEMS sciences tend to be random. Although confidence intervals for fixed regressor variables are fairly straightforward given the appropriate noncentral F -distribution routines, confidence interval formation is much more difficult when regressors are random. Sampson (1974) and Gatsonis and Sampson (1989) provide a discussion of the differences between the fixed and the random regressor models for multiple regression. Lee (1971) and Ding (1996) provide algorithms for computing various aspects of the distribution of R 2 for random regressors, which can be used in order to compute confidence intervals. Although the programming of the algorithms underlying the computer programs is not trivial, nearly exact confidence intervals for P 2 under the case of random regressors variables can be found with the use of freely available software (e.g., MBESS; Kelley, 2008; MultipleR2; Mendoza & Stafford, 2001; R2; Steiger & Fouladi, 1992) and in other programs indirectly with proper programming (e.g., in SAS; Algina & Olejnik, 2000) .
Unlike many effect sizes, there is not a monotonic relation between the width of the confidence interval for P 2 and the value of R 2 . An illustration between the relation of R 2 and the confidence interval width is shown in Figure 1 . The values on the abscissa are hypothetical observed values of R 2 with the 95% confidence interval width on the ordinate for a sample size of 100 and five regressor variables. The confidence interval width, w, is simply the value of the upper limit minus the lower limit,
where P 2 U is the upper limit of the confidence interval for P 2 , and P 2 L is the lower limit of the confidence interval for P 2 (note that both P 2 L and P 2 U are random quantities that depend on R 2 ). Although the exact value of R 2 for the maximum confidence interval width depends on sample size and the number of regressors, it approaches .333 as sample size increases; although no proof of this is given, the reason is alluded to in Algina and Olejnik (2000) , where it can be shown that the approximate variance of R 2 is maximized at R 2 D :333 (p. 125). Thus, Figure 1 clearly illustrates that there is a nonmonotonic relationship between confidence interval width and R 2 . Usually confidence interval width is independent of the size of the effect or the confidence interval width increases (decreases) as the absolute value of the of the effect increases (decreases). Notice in Figure 1 that confidence intervals for P 2 increase to a peak and then decrease. For very small or very large values of R 2 the confidence intervals are narrow. For values of K other than five and for sample sizes that are not exceedingly small, combinations of confidence interval width and the size of standard errors tend to be similar to the relationship displayed in Figure 1 . The nonmonotonic relationship between R 2 and w displayed in Figure 1 becomes important in a future section when determining necessary sample size for obtaining a confidence interval no wider than desired with some desired degree of assurance. Given the figure and the fact that the approximate variance of R 2 is maximized close to .333, it is no surprise that values of P 2 close to .333 will mandate a larger sample size than other values of P 2 for some desired confidence interval width, holding everything else constant.
SAMPLE SIZE FOR NARROW CONFIDENCE INTERVALS FOR THE POPULATION SQUARED MULTIPLE CORRELATION COEFFICIENT
The idea of obtaining a narrow confidence interval for the lower bound of the population multiple correlation, P, was discussed by Darlington (1990) , where a small table of necessary sample size for selected conditions was provided in order for the lower confidence limit to be at least some specified value. Algina and Olejnik (2000) discussed a procedure for sample size planning so that the R 2 would be within some defined range of P 2 with a specified probability. The present work develops methods of sample size planning from the AIPE perspective so that the width of confidence intervals for P 2 will be sufficiently narrow. Although similar, the AIPE and Algina & Olejnik methods are actually fundamentally different ways of planning sample size. The sample size planning methods developed by Algina & Olejnik have as their goal obtaining an estimate of P 2 that is within some defined range of P 2 , whereas the goal of the AIPE approach is to obtain a sufficiently narrow confidence interval.
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The width of the confidence interval for P 2 is a function of R 2 , N , K, and 1 '. By holding constant P 2 , K, and 1 ', the expected confidence interval width can be determined for different values of N . The expected confidence interval width for P 2 is defined as the width of the confidence interval for E R 2 given a particular N , K, and 1 ', Kelley. 4 In the work of Kelley and Rausch (2006) , where the AIPE approach was developed for the standardized mean difference, the population value of the standardized mean difference was used throughout the sample size procedures rather than the expected value of the sample standardized mean difference even though the commonly used estimate is biased. This contrasted to the approach here where the E R 2 is used in place of P 2 . As noted in Kelley & Rausch (2006, footnote 13) , for even relatively small sample sizes the bias in the ordinary estimate of the standardized mean difference is minimal and essentially leads to no differences in planned sample size except in unrealistic situations (see also Hedges & Olkin, 1985, chap. 5) . However, the bias between R 2 and P 2 can be large, relatively speaking, which would lead to differences in necessary sample sizes if the procedure was based on P 2 directly, as confidence intervals are based on the positively biased value of R 2 . and K. Because in any particular study N , K, and 1 ' are fixed design factors, the only random variable when forming confidence intervals for P 2 is R 2 . For unbiased estimators, calculation of the expected confidence interval width is simple given the population value because the expected value of the estimator and the population parameter it estimates are equivalent. Due to the positive bias of R 2 as an estimator of P 2 , basing the sample size procedure on P 2 directly would lead to inappropriate estimates of sample size because the obtained confidence interval is ultimately based on R 2 . Therefore, the expected value of R 2 is used in the calculation of necessary sample size in order to achieve a confidence interval calculated from the obtained R 2 that is sufficiently narrow. The algorithms used to obtain appropriate sample size are iterative with regard to sample size. Thus, it is necessary for the expected value of R 2 to be updated for each iteration of the sample size procedure.
Sample Size so That the Expected Confidence Interval Width is Sufficiently Narrow
Recall that the sample size methods are developed specifically in the case of random regressor variables. The method begins by determining a lower bound (starting) value for sample size, say N .0/ , where the quantity subscripted in parentheses represents the iteration of the procedure, so that the minimum sample size where EOEw is no larger than¨can be found, where¨is the desired confidence interval width. Thus, the procedure seeks the minimum necessary sample size so that EOEw Ä¨. For convenience,
Given N .0/ , EOEw .0/ is calculated, where EOEw .0/ is the expected confidence interval width based on N .0/ . If EOEw .0/ >¨, sample size is incremented by one and EOEw .1/ determined. This iterative procedure continues until EOEw .i / Ä¨, where the corresponding value of N .i / is set to the necessary sample size with i representing the particular iteration of the procedure. Thus, the N .i / where EOEw .i / Ä¨is set to the necessary sample size. The rationale of this approach is based on the fact that w is a function of R 2 , so finding the necessary sample size based on EOER 2 that leads to EOEw .i / Ä¨leads to the necessary sample size.
A sample size planning procedure was developed in this section so that the expected confidence interval width for P 2 is sufficiently narrow. No formal mathematical proof is known to exist and the procedure may not always give exactly the correct sample size. However, a follow-up procedure developed later exists that updates the (approximate) sample size to the exact value based on an a priori Monte Carlo simulation study. Given the sample size that leads to an expected confidence interval width being sufficiently narrow in the procedure described earlier, provided P 2 has been properly specified, the sample size obtained will ensure that the expected confidence interval width is sufficiently KELLEY narrow. A modified sample size method, discussed in the next section, can be used so that the observed confidence interval will be no wider than specified with some desired degree of assurance.
Ensuring the Confidence Interval is Sufficiently Narrow With a Desired Degree of Assurance
Recall that planning sample size so that the expected confidence interval width is sufficiently narrow does not imply that it will be sufficiently narrow in any particular study. The confidence interval width is a random variable because it is a function of the random statistic R 2 , which is a function of the random data and the fixed design factors. A modified sample size procedure is developed that can be used in order to guarantee with some desired degree of assurance that the observed confidence interval for P 2 will be no wider than desired. In order to carry out this modified method, the desired degree of assurance, denoted ", must be specified, where " represents the desired probability of achieving a confidence interval no wider than desired. This procedure yields a modified sample size so that the obtained confidence interval will be no wider thanẅ ith no less than "100% assurance: p.w Ä¨/ ". For example, suppose one would like to have 99% assurance that the obtained 95% confidence interval will be no wider than .10. In such a case " is set to .99 and¨is set to .10, implying that an observed confidence interval for P 2 will be wider than desired no more than 1% of the time. The way in which the modified sample size procedure works is quite involved and necessitates several steps. As before, no formal mathematical proof is known to exist, but an a priori Monte Carlo simulation study is developed later so that the exact sample size can be obtained.
Depending on the particular situation, obtaining an R 2 either larger or smaller than EOER 2 , which is the value the standard sample size was based, will lead to a wider than desired confidence interval. For example, suppose sample size is based on EOER 2 D :60, where N D 100, K D 5, and 1 ' D :95. From Figure 1 it can be seen that any value of R 2 larger than .60 in this situation will lead to a w <¨(desirable). However, values of R 2 between .1676 and .6 will lead to a w >¨(not desirable), whereas values of R 2 less than .1676 will lead to a w <¨(desirable). This situation can be contrasted to one where sample size is based on EOER 2 D :20, where N D 100, K D 5, and 1 ' D :95. From Figure 1 , it can be seen that any value of R 2 smaller than .20 in this situation will lead to a w <¨(desirable). However, values of R 2 between .2 and .5527 will lead to a w >¨(not desirable), whereas values of R 2 greater than .5527 will lead to a w <¨(desirable). Thus, depending on EOER 2 for the particular situation, obtaining an R 2 value either larger or smaller than P 2 can lead to a wider than desired confidence interval. One thing not obvious from the figure is the probability that R 2 will be beyond the values that lead to larger or smaller than desired w values (i.e., the sampling distribution of R 2 is not addressed in the figure). These issues, and another issue discussed momentarily, need to be addressed in order for the necessary sample size to be planned so that the p.w Ä¨/ ":
The starting point for the modified sample size, denoted N M , planning procedure is the original sample size based on the expected width being sufficiently narrow. Given the necessary sample size from the standard procedure, an upper and a lower "100% one-sided confidence interval is formed using EOER 2 in place of R 2 (as was done in the standard confidence interval formation procedure section). The reason two "100% one-sided confidence intervals are specified is to determine the R 2 value that will be exceeded .1 "/100% of the time and the R 2 value that will exceed only .1 "/100% of the distribution of R 2 values. These lower and upper confidence limits for R 2 , denoted P 2 L and P 2 U , are then used in the standard procedure as if they were the population values. There will then be two different sample sizes, one based on treating P 2 L as if it were P 2 and one based on treating P 2 U as if it were P 2 . The larger of these two sample sizes is then taken as the preliminary value of the necessary sample size.
Ignoring a complication addressed momentarily, a discussion of the rationale for the approach thus far is given. Using EOER 2 in the two "100% confidence intervals in place of R 2 , the sampling distribution of R 2 will be less than P 2 L
.1 "/100% of the time and greater than P 2 U .1 "/100% of the time. The rationale for using P 2 L and P 2 U in place of P 2 in the standard procedure is to find the value from the distribution of R 2 values that will divide the sampling distribution of w values from those that are desirable (i.e., w Ä¨) from those that are undesirable (i.e., w >¨), while maintaining the probability of a w Ää t the specified level. The reason for using two one-sided "100% confidence intervals is that depending on the situation, values larger than the confidence limit or values smaller than the limit will lead to confidence intervals wider than desired. Thus, values beyond one of the limits will lead to R 2 values that produce confidence intervals wider than desired .1 "/100% of the time, but in any particular situation it is not known which limit. Thus, if the value of R 2 that leads to a w larger than desired can be found (which is either P 2 L or P 2 U [momentarily ignoring the complication yet to be discussed]), then the standard sample size procedure can be based on P 2 L or P 2 U in place of P 2 . Doing so will lead to a sample size where no more than .1 "/100% of the w values are wider than¨. Recall that this sample size is regarded as preliminary, as there is a potential complication that will arise in certain situations that is now addressed.
Because the relationship between R 2 and the confidence interval width is not monotonic (recall Figure 1) , difficulties with the approach just presented can arise in a limited set of circumstances. Although one difficulty was in part addressed by using both the lower and the upper "100% one-sided confidence KELLEY limits in order to find the larger of the two sample sizes, in some situations values between the confidence limits will lead to wider than desired confidence intervals. When there are R 2 values contained within the two one-sided "100% confidence interval limits that lead to a w >¨, it is necessary to incorporate an additional step in the procedure. This additional step is so that no more than .1 "/100% of the sampling distribution of R 2 is contained within the limits sample size is based.
Let R 2 max.w/ be the R 2 value that leads to the maximum confidence interval width for a particular set of design factors. If R 2 max.w/ is outside of (i.e., beyond) the confidence interval limits defined by the two one-sided "100% confidence intervals (i.e., R max.w/ would lead to 100% of the confidence intervals being sufficiently narrow, as it would not be possible to obtain a confidence interval wider thanẅ hen sample size is based on R 2 max.w/ . Because " would not generally be set to 1, although doing so imposes no special difficulties in the present context, an additional step must be taken in order to obtain the modified sample size so that no less than "100% of the confidence intervals are sufficiently narrow. The rationale for this additional step is to base the sample size procedure on the values of R 2 that bound the widest .1 "/100% of the distribution of w. Doing so will lead to no more than .1 "/100% of the confidence intervals being wider than¨.
Although it may seem desirable at first to plan sample size so that 100% of the intervals are no wider than desired, doing so would tend to lead to a larger sample size than necessary whenever " < 1. An additional step of forming a two-sided .1 "/100% confidence interval using R 2 max.w/ as the point estimate is necessary for .1 "/100% of the sampling distribution of the ws to be larger than desired (and thus "100% of the sampling distribution of the ws smaller than desired). The limits of the .1 "/100% two-sided confidence interval based on R 2 max.w/ are then used in the standard procedure so that "100% of the confidence intervals will be sufficiently narrow when R 2 max.w/ 2 OEP 2 L ; P 2 U . Formation of the .1 "/100% two-sided confidence interval is to exclude the .1 "/100% of the sampling distribution of R 2 values that would yield w values smaller than desired (so that no less than "100% of the w values will be less than¨). The larger of the four sample sizes based on the four confidence limits substituted into the standard procedure, two from this additional step (when necessary) and two from the two one-sided confidence limits in the first step of the modified sample size procedure, is the necessary sample size. Necessary sample size cannot be based solely on the limits at this step because these limits can lead to a smaller sample size than necessary when based on one or both of the limits from the two one-sided "100% confidence limits. That is, the lower or upper limit from the .1 "/100% two-sided confidence interval based on R 2 max.w/ can be beyond the upper or lower limits of the confidence intervals based on P 2 L or P 2 U , respectively. A step-by-step summary of the procedure is provided.
Step 1: Based on the necessary sample size from the standard procedure, two one-sided "100 confidence intervals are calculated.
Step 2: The limits from Step 1 are used in the standard procedure as if they were P 2 . The larger of the two sample sizes is regarded as the preliminary value of necessary sample size.
Step 3: The value of R 2 max.w/ that leads to the maximum confidence interval width is found.
Step 4: If R 2 max.w/ is not contained within the limits of the two one-sided "100% confidence intervals, no additional steps are necessary and sample size is set to the preliminary sample size value in Step 2.
Step 5 [if necessary]: If R 2 max.w/ is contained within the limits of the two one-sided .1 "/100% confidence intervals, then the limits of the twosided .1 "/100% confidence interval based on R 2 max.w/ are used in the standard procedure as if they were P 2 .
Step 6 [if necessary]: The largest sample size from the contending sample sizes (from Step 2 and from Step 5) is taken as the necessary value.
The steps above are used to find the value of EOER 2 that when substituted for P 2 in the standard procedure will lead to no less than "100% of the confidence intervals being sufficiently narrow. As discussed momentarily, a Monte Carlo simulation study revealed that procedures perform very well but not perfectly. The next section discusses a computationally intense a priori Monte Carlo simulation that can be used to obtain the exact sample size in any situation of interest.
Obtaining the Exact Sample Size
This section discusses a computationally intense approach that leads to the exact value of sample size in any condition, provided certain assumptions are met. As noted, the methods previously discussed are approximate, although as shown later they tend to yield very close approximations. Because a mathematical proof 536 KELLEY that would always lead to the exact sample size in the context of AIPE for P 2 has not been established, a general principle of sample size planning is applied: the exact value of necessary sample size can be planned in any situation under any goal with the appropriate use of computationally intense procedures. The benefit of a computationally intense approach, known as an a priori Monte Carlo simulation, is that by designing the appropriate a priori Monte Carlo simulation, exact sample size can be planned in any situation of interest. The idea is to generate data that conforms to the population of interest, which requires the assumption that what is true in the population is represented in the simulation procedure (this is also implicit for analytic approaches to sample size planning), and determine the minimum sample size so that the particular goal is satisfied. One goal might be rejecting the null hypothesis that a particular effect equals zero with no less than .85 probability. Another goal might be obtaining a 95% confidence interval for some population effect size less than -units with .99 probability, where -is the desired width in some situation. Yet another goal might be a combination where the null hypothesis is rejected with no less than .85 probability and the 95% confidence interval is sufficiently narrow with no less than .99 probability. The benefit of the computationally intense approach is that it can be used for any procedure, and existing analytic work on sample size planning need not exist-or if it does it need not be exact. In order for the sample size to literally be exact, (a) all necessary assumptions of the model must be correct, (b) all necessary parameters must be correctly specified, and (c) the number of replications needs to tend toward infinity. Muthén and Muthén (2002) discuss a similar a priori Monte Carlo simulation study in the context of factor analysis and structural equation modeling (see also Satorra & Saris, 1985) . M'Lan, Joseph, and Wolfson (2006) apply an a priori Monte Carlo study for sufficiently narrow confidence interval estimates for casecontrol studies in a Bayesian framework (see also Joseph, Berger, & Bélisle, 1995; Wang & Gelfand, 2002) . In general, Monte Carlo simulation studies are used to evaluate properties of some aspect of the distribution of some effect, often to assess various properties of a procedure or to evaluate robustness when the model assumptions are violated. In an a priori Monte Carlo study, however, what is of interest is the properties of statistics, and functions of them, so that the information can be used to plan a study in order to accomplish some desired goal.
In the context of sample size planning for a desired power for the test of Muller (1993) base sample size planning on models with fixed regressors with the intended use being models with random regressors. They state that "because the population parameters are conjectures or estimates, strict numerical accuracy of the power computations is usually not critical" (p. 23). Although sample size will likely never be perfect because the population parameter(s) are almost certainly not known exactly, it is also desirable for procedures to always yield the exact answer if the parameters were known perfectly. The a priori Monte Carlo simulation generates data conforming to the K and P 2 situation specified for multivariate normal data and calculates the confidence interval for P 2 . The process is replicated a large number of times (e.g., 10,000). If " E < ", sample size is increased by one and the simulation again generates a large number of replications from the specified situation, where " E is the empirical value of " from the specified condition.
5 Conversely, if " E > ", the procedure recommended sample size is reduced by 1 and the simulation again generates a large number of replications from the specified situation. Successive sample sizes are found where N .i / leads to " E < " and N .i C1/ lead to " E " (or vice versa). The value of N .i C1/ is then set to necessary sample size (or vice versa) because it is the minimum value of sample size where the specifications are satisfied. Provided the number of replications is large enough, the procedure will return the exact value of sample size. Although this Monte Carlo sample size verification feature was discussed in the context of sample size planning when " is specified, it is equally applicable for planning the expected confidence interval width or the median confidence interval width instead of the expected width (i.e., the mean) is sufficiently narrow.
EFFECTIVENESS OF THE PROCEDURES
A large scale Monte Carlo simulation study was conducted where K (2, 5, & 10), P 2 (.10 to .90 by .1),¨(.05 & .10 to .40 by .10), and " (expected width, :85, & :99) were manipulated, leading to a 3 9 5 3 factorial design (405 conditions) in the case of random regressors. The conditions examined are thought to be realistic for most applications of AIPE for P 2 within the BEMS sciences. For each of the conditions evaluated, multivariate normal data were generated that conformed to the specific conditions (N , K, & P 2 ) in order to obtain a sample R 2 value and form a confidence interval for P 2 in accord with the method of confidence interval formation for random regressors (using the ci.R2() MBESS function, as discussed later). All of the assumptions were satisfied and each set of results is based on 10,000 replications. The specific results are reported for K D 2, 5, and 10 in subtable A (the upper table) of  Tables 1, 2 , and 3, respectively. Subtable A within Tables 1, 2 , and 3 reports Note. P 2 is the population squared multiple correlation coefficient,¨is the desired confidence interval width, w is the observed confidence interval width, N Procedure is the procedure implied sample size, N Exact is the sample size from the a priori Monte Carlo simulation, and " is the assurance parameter. Note. P 2 is the population squared multiple correlation coefficient,¨is the desired confidence interval width, w is the observed confidence interval width, N Procedure is the procedure implied sample size, N Exact is the sample size from the a priori Monte Carlo simulation, and " is the assurance parameter. Note. P 2 is the population squared multiple correlation coefficient,¨is the desired confidence interval width, w is the observed confidence interval width, N Procedure is the procedure implied sample size, N Exact is the sample size from the a priori Monte Carlo simulation, and " is the assurance parameter.
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KELLEY the mean and median confidence interval widths, the procedure implied sample size (N P r ocedur e ) and the exact approach to sample size planning as determined by the a priori Monte Carlo procedure (denoted N Exact , which itself is based on 10,000 replications).
For the conditions where the expected widths were examined using the originally proposed procedure, the mean of the discrepancy between the mean confidence interval width and the desired value was .0075, .0075, and .0099 for K D 2, 5, and 10, respectively, with corresponding standard deviations of .0101, .0113, and .023, respectively. Examining the discrepancy between procedure implied sample size and the exact sample size as determined from the a priori Monte Carlo simulation procedure reveals that the mean sample size discrepancy is 3.71, 3.36, and 4.71 for K D 2, 5, and 10, respectively, with corresponding standard deviations of 3.15, 3.16, and 5.79, respectively.
Conditions where the ws were systematically too small tended to be in conditions where the desired width was very large. In the case of the largest discrepancy between the specified and observed¨, the mean and median w was 0.2542 and 0.2384, respectively, for the case where¨D :40, P 2 D :90, and K D 10. In this worst case, the procedure implied sample size was 23, whereas the exact sample size is 13. Sample size values are small when¨is large, implying a large sampling variability of R 2 . What tends to happen for relatively large values of¨coupled with very small or very large values of P 2 is that the procedure implied sample size is small and the confidence bound of 0 or 1 is reached with a nontrivial probability, and the confidence interval is smaller than it otherwise would have been if P 2 were not bounded at 0 and 1, due to the necessary truncation at the lower or upper (as is the case in this condition) confidence bound of the confidence interval procedure. The procedure does not consider truncated confidence intervals but the a priori Monte Carlo simulation study does, which is why it returns the better estimate of sample size in cases of a nontrivial amount of truncation. Otherwise, the closeness of the mean and median w to¨was excellent and the procedure implied sample size did not generally differ considerably from the exact sample size procedure. Examination of Tables 1, 2, and 3 show that the method performed less than optimally generally when confidence intervals widths were large. Such cases tended to lead to relatively small sample sizes and large variability of R 2 , which yielded a nontrivial amount of confidence interval truncation at either 0 or 1. Many such situations are not likely to be of interest in the majority of applied research.
The pattern of results for " D :85 is very similar to the case where " D :99, and only the results for " D :85 are reported and discussed for space considerations. The specific results are reported for K D 2, 5, and 10 in subtable B (the lower table) of Tables 1, 2 , and 3. Four conditions when K D 10 were not implementable (specifically P 2 D :10 for¨D :20, .30, & .40 as well as P 2 D :20 for¨D :40) because the desired confidence interval width was too large given the size of P 2 and number of regressors. In attempting to implement the modified sample size procedure as discussed, an intermediate confidence interval ranged from 0 to 1 and thus subsumed the entire range of allowable values for P 2 , which did not render subsequent steps possible. Such a failure of the procedure will occur only rarely, as it will not be likely researchers will plan sample sizes for very wide confidence intervals for very small (or very large) values of P 2 , coupled with a large number of predictors. Examining the discrepancy between the procedure implied sample size and the exact sample size, as determined from the a priori Monte Carlo simulation study, reveals that the mean sample size discrepancy is 1.38, 1.76, and 3.86 for K D 2, 5, and 10, respectively, with corresponding standard deviations of 2.44, 6.79, and 13.51, respectively. The worst case in terms of the raw discrepancy between " E and " was for K D 10, P 2 D :20, and¨D :30, where only 60.81% of the confidence intervals were sufficiently narrow, whereas 85% of the confidence intervals should have been given " was set to :85. The sample sized used, as suggested by the procedure, was 106. A follow-up Monte Carlo simulation study using a sample size of 107, 108, 109, 110, and 111 showed that 64.16%, 68.85%, 73.90%, 80.10%, and 86.13% of the confidence intervals were sufficiently narrow at those sample sizes, respectively. The exact sample size in this condition is thus 111 because 111 is the minimum value of sample size where " E ". Thus, in the worse raw discrepancy between " E and " (a 85 60:81 D 24:19 discrepancy in percentages), the procedure yielded a necessary sample size that was too small by less than 5%.
Rather than observing a smaller than desired " E (i.e., less than 85% of the confidence intervals being sufficiently narrow), in some situations there was a larger than desired " E (i.e., more than 85% of the confidence intervals being sufficiently narrow). For example, examination of the condition where P 2 D :20, D :20, and K D 10 shows that 100% of the confidence intervals were sufficiently narrow for N D 239 (the procedure implied sample size). However, a Monte Carlo simulation study shows that by reducing the sample size by 1 (to N D 238) leads to only 78.56% of the confidence intervals being sufficiently narrow. Thus, the sample size of 239 is correct because it is the minimal value of sample size that leads to no less than "100% of the confidence intervals being sufficiently narrow. This is in no way a deficiency of the proposed methods, but rather it is a property of confidence intervals for P 2 because of the effect a small change in N can have on the confidence interval properties. 6 Of course, not all KELLEY of the conditions where " E > " yield the proper sample size, which can be seen by looking at the tables on a case-by-case basis. Nevertheless, from the summary statistics provided the proposed procedure is quite successful at recovering the proper sample size. However, given that the a priori Monte Carlo simulation study can be implemented, there are no practical problems for planning the exact sample size in any condition. By its very nature, the a priori Monte Carlo method discussed yields the exact results, provided the number of replications is sufficiently large, the value of P 2 has been correctly specified, and all model assumptions hold. This approach literally uses a Monte Carlo simulation study to determine at what sample size the specified goals are achieved. The minimum value of sample size where the specified goal is realized is set to the necessary sample size. The way in which the a priori Monte Carlo approach could be evaluated is with a Monte Carlo simulation study. Because the method itself is a Monte Carlo simulation, the results are literally the same. The difference between the a priori Monte Carlo simulation study and the (standard) Monte Carlo simulation study is that the a priori Monte Carlo study is used to plan a research study, whereas the standard Monte Carlo simulation study is used to evaluate the effectiveness of a method under a specified set of conditions. Evaluating the set of conditions with a Monte Carlo study using sample size as obtained from the a priori Monte Carlo simulation study thus leads to the conclusion that is already known: the a priori Monte Carlo procedure selects the sample size that yields the exact value of sample size.
TABLES OF NECESSARY SAMPLE SIZE
Although determining sample size so that sufficiently narrow confidence intervals can be obtained in the context of the multiple correlation coefficient with ease using MBESS (as discussed in the next section), the necessary sample sizes for a variety of conditions are provided. These tables are not meant to supplant the use of the methods developed or the computer routines provided, but rather they are designed so that researchers can better understand the nonlinear relationship that exists between the planned sample size conditional on P 2 , the¨, K, and " as well as to use the tables for sample size planning when appropriate. Table 4 provides the necessary sample size in order for the expected width to be sufficiently narrow for 2, 5, and 10 regressors. Table 5 provides the necessary sample size in order for there to be a degree of assurance of .99 that the obtained confidence interval will be sufficiently narrow for the same conditions given in Table 4 . EXAMPLE OF PLANNING SAMPLE SIZE FOR P 2 FROM THE AIPE APPROACH USING MBESS As a way of solidifying the methods discussed, an illustrative example based on the work of Bunce and West (1995) is provided, which was previously used as an example in the context of power analysis by Murphy and Myors (2004, pp. 93-97) . One question of interest to Bunce and West was linking innovation among health service workers to previous innovation, personality factors (intrinsic job motivation, propensity to innovate, and rule independence), and group climate factors (participation in decision making, shared vision, support for innovation, & task orientation). Bunce and West found that in their analysis of 77 participants, nearly 40% of the variance in innovation among health service workers could be accounted for by the eight regressors of interest (R 2 D :39; F .8; 68/ D 5:38; p < :001). A confidence interval for P 2 based on the summary values provided by Bunce & West reveals that, although they obtained statistically significant results, P 2 was not estimated with much precision, as the 95% confidence interval for P 2 ranges from .140 to .503 (a width of .363). Confidence intervals for P 2 when regressors are random can be obtained with the ci.R2() function from the MBESS (Kelley, 2007a (Kelley, , 2007b (Kelley, , 2008 Kelley et al., 2008) 
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KELLEY that has a width of .10, the researchers follow the approach discussed in this article and plan sample size from the AIPE perspective. At present, the easiest way to implement the methods discussed and developed in this article is to use the MBESS R package. The function used to plan sample size from the AIPE perspective for P 2 is ss.aipe.R2(). A basic call to the ss.aipe.R2() function would be of the form ss:aipe:R2.Population:R2 DP 2 ; width D¨; K DK; conf:level D1 '/:
The present example would thus be operationalized using the ss.aipe.R2() a function s follows: which reveals that the exact sample size, such that the expected width of the confidence interval for P 2 is .10 units wide, is 889. Although the approximate method yields essentially the correct value, it reveals a sample size that is larger than necessary by 4. Thus, using a sample size of 889 in the situation described will lead to a confidence interval for P 2 whose expected width is .10 (provided all necessary parameters are properly specified and assumptions met).
Although designing a study so that the expected width is sufficiently narrow is desirable, the researchers investigate the implications on sample size when an assurance parameter (i.e., ") of .99 is also included, as doing so will ensure that the obtained confidence interval is no wider than .10 with no less than .99 probability. The way in which sample size can be planned in this case is by specifying assurance=.99 in the ss.aipe.R2() R function. The approximate method can be implemented as ss.aipe.R2(Population.R2=.40, width=.10, K=8, conf.level=.95, assurance=.99), which yields a necessary sample size of 919. As before, incorporating the verify.ss=TRUE argument implements the a priori Monte Carlo simulation study so that the exact sample size can be found. The ss.aipe.R2() R function would be used as follows:
ss.aipe.R2(Population.R2=.40, width=.10, K=8, conf.level=.95, assurance=.99, verify.ss=TRUE), which returns a necessary sample size of 918. The exact approach shows that the approximate method overestimates the necessary sample size by 1. Thus, using a sample size of 918 in the situation described ensures with no less than .99 assurance that the observed confidence interval will not be larger than .10 (provided all necessary parameters are properly specified and assumptions met). It is interesting to note that had a desired confidence interval width of .20 been specified instead of .10 in this situation, necessary sample size would have been 226 and 236, respectively, for the expected confidence interval width and incorporating an assurance of .99 for the exact approach. Thus, by doubling the width of the confidence interval the necessary sample sizes are approximately quartered, a common relationship in sample size planning for narrow confidence intervals.
Sample size planning procedures almost always require one or more population parameters to be specified. However, the population parameter(s) are generally unknown, and at least with the AIPE approach to sample size planning, their value(s) are what is of interest. Thus, in all likelihood one will not know P 2 exactly, which will necessarily make the whole sample size planning endeavor approximate.
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DISCUSSION
Multiple regression is one of the most commonly used statistical procedures in the BEMS sciences. The value of P 2 is often of considerable interest to researchers using multiple regression, as knowing the proportion of the variance in Y that is accounted for by the K regressor variables provides information on the adequacy of model fit. Although this relationship is often evaluated with a null hypothesis significance test in order to determine if the null hypothesis that P 2 D 0 (or some other specified value) can be rejected, the benefits that confidence intervals can provide above and beyond null hypothesis significance tests have been clearly delineated in the methodological literature. As such, the KELLEY use of null hypothesis significance testing as a be-all and end-all way to draw inferential conclusions is beginning to wane to a degree in favor of confidence intervals. Wide confidence intervals are not generally desirable, which is where the AIPE approach can provide beneficial methods of planning sample size.
This article developed methods of sample size planning for the squared multiple correlation coefficient from the AIPE perspective. The first method developed allows sample size to be planned so that the expected confidence interval width for P 2 will be sufficiently narrow. Choosing sample size in order for the expected value of the confidence interval for P 2 to be sufficiently narrow does not imply that any particular confidence interval will be sufficiently narrow. Therefore, a modified sample size procedure was developed with the goal of obtaining a sufficiently narrow confidence interval with some desired degree of assurance. A procedure for fine-tuning the sample size from the originally proposed procedure to obtain the exact value with an a priori Monte Carlo simulation was also discussed. The a priori Monte Carlo simulation study is used to evaluate the effect of a particular sample size on various aspects of the confidence interval width. The simulation can be performed using a systematic search of sample sizes until the minimum value of sample size is found that satisfies the stated research goals.
Sample size planning for the squared multiple correlation coefficient has largely been from a power analytic perspective. However, because researchers are often interested in the value of P 2 itself, calculation of sample size given the goals of AIPE is at times more appropriate than the power analytic approach. The AIPE approach to sample size planning and the power analytic approach each have their place. However, it should be clear that the goals of AIPE and the power analytic approach are fundamentally different, which has the effect of necessary sample sizes potentially being very different under different scenarios. Depending on the question of interest and the goals of the study, one approach may be more appropriate. Of course, when there is a desire to have narrow confidence intervals and an estimate that leads to statistical significance, both AIPE and the power analytic approach can be used. In such a situation it is recommended that the larger of the two sample sizes be used so that issues of both power and accuracy can be addressed.
Recall that the procedures for confidence interval formation for P 2 assumes multivariate normality. Because the sample size planning procedures are based on the confidence interval formation methods, they also assume multivariate normality. What is not clear at present is the effectiveness of the sample size planning procedures when data are sampled from a population where multivariate normality does not hold. Among other things, Kromrey and Hess (2001) evaluated the confidence interval formation procedure for P 2 under a variety of conditions, one of which was when multivariate normality did not hold. Under nonnormality, the results of a Monte Carlo simulation study conducted by Kromrey and Hess were mixed. In general, if the confidence interval procedure itself does not work well in cases of nonnormality, it is unlikely that the proposed sample size planning procedures discussed here will work well in cases of nonnormality. Evaluation of the robustness of the sample size planning procedure when data are not multivariate normal is a worthwhile future research topic, as distributions in the BEMS sciences often deviate from normality (e.g., Micceri, 1989) .
Whenever an estimate is of interest, so too should the corresponding confidence interval for the population quantity. Holding everything else constant, the wider a confidence interval the greater the uncertainty of the value of the population parameter of interest. However, holding everything else constant, the narrower a confidence interval the smaller the range of plausible values for the parameter of interest. Determining the parameter value is often one of the major goals of a research study. Therefore, it is hoped that during the design phase of research that will use multiple regression, the AIPE approach to sample size planning be seriously considered in an effort to obtain a confidence interval for P 2 that is sufficiently narrow.
